The notions of safe and compliant interaction are not sufficient to ensure effective physical human-robot cooperation. To obtain an optimal compliant behavior (e.g., variable impedance/admittance control), assessment techniques are required to measure the effectiveness of the interaction in terms of perceived workload by users. This study investigates electroencephalography (EEG) monitoring as an objective measure to classify workload in cooperative manipulation with compliance. An experimental study is conducted including two types of manipulation (gross and fine) with two admittance levels (low-and high-damping). Performance and self-reported measures indicate that a proper admittance level that enhances perceived workload is taskdependent. This information is used to form a binary classification problem (low-and high-workload) with spectral power density and coherence as the features extracted from EEG data. Using a subject-independent feature selection approach, a subject-dependent Linear Discriminant Analysis (LDA) is used for classification. An average classification rate of 81% is achieved that indicates the reliability of the proposed approach for assessing human workload in interaction with varying compliance across the gross and fine manipulation. Furthermore, to validate our proposed objective measure of workload, we have conducted a second experiment composed of both fine and gross motor tasks. Compared to interaction with a constant admittance, a lower EEG-based workload is observed with an open-loop variable admittance controller. This observation is in agreement with the subjective workload score (NASA-TLX).
INTRODUCTION
Physical human-robot cooperation is a rapidly growing field that focuses on the integration of the implicit knowledge of the human operator with the repeatability and accuracy of robots.
To obtain a compliant physical interaction, impedance/admittance control methods [Hogan 1984] are widely used in human-robot cooperation. These controllers mimic the behavior of a springmass-damper system in the Cartesian space. In such compliant interactions, it is crucial to properly select the controller parameters (stiffness and damping) to ensure both (i) the stability and (ii) the effectiveness of the interaction, in the sense that it must compromise between physical effort and motion accuracy to minimize the interaction workload perceived by the user [Marayong and Okamura 2004] .
It has been shown that a variable controller that modulates its parameters according to both the task requirements and human intention outperforms a constant impedance/admittance scheme. For instance, a low-damping admittance control can facilitate co-manipulation in terms of human physical effort; however, it may degrade the accuracy of fine positioning [Grafakos et al. 2016] . This is mainly due to the fact that humans tend to increase arm stiffness in fine manipulation [Todorov 2004 ] while the bandwidth of the robot is limited. This makes a low-damping controller over-responsive to input forces. As a result, an intuitive interaction requires lower virtual damping when fast movement without any particular accuracy (gross manipulation) is of interest. However, higher virtual damping for performing fine manipulations is desirable.
The adjustment of the compliance dynamics for achieving a variable admittance/impedance control scheme can be seen as an optimal control problem, where the overall human-robot performance should be optimized. While it is possible to use task-related metrics (e.g., kinematic features of the robot end-effector [Dimeas and Aspragathos 2015; Erden and Marić 2011; Ficuciello et al. 2015; Losey and O'Malley 2018] ) in the objective evaluation of pHRI, it is very challenging to model "the perceived workload level" of the human. As a result, the majority of the adaptive admittance controller techniques in pHRI either limit the workload evaluation to subjective measures such as questionnaires or use traditional ergonomic factors such as "physical effort" that focus solely on peripheral outcomes, such as applied force [Duchaine and Gosselin 2007; Lecours et al. 2012; Losey and O'Malley 2018; Mortl et al. 2012] or muscle activity [Grafakos et al. 2016; Song et al. 2013] , and disregard the contributions of the brain during physical interaction. Therefore, an objective assessment of perceived workload is required for understanding interaction effects on the users to improve the design of the adaptation strategy accordingly.
This article presents the validity of a brain monitoring approach, based on Electroencephalogram (EEG) recording, as an objective measure to assess physical human-robot cooperations in terms of perceived workload. In particular, we investigate the classification of workload level in cooperative manipulation (co-manipulation) with different dynamics of an admittance controller. Co-manipulation is a common application of admittance control where the robot must freely move under the forces applied by the user. In simple co-manipulations in which the human is the leader, the virtual stiffness is usually set to zero while virtual damping and inertia parameter can be altered. In this regard, estimating the perceived level of workload by subjects via an EEG-based cognitive model can be used either (i) as an offline assessment tool to evaluate the effectiveness of a controller for physical interaction, or (ii) in a real-time manner to maintain the operator workload within the desired range by adjusting the controller parameters. In this article, however, we only focus on case (i).
In our experimental study, the task-load of the co-manipulation is altered by changing the virtual damping in two gross and fine co-manipulation tasks. Statistical analysis for the subjective assessment of the perceived workload reveals the task-dependency of a suitable admittance setup. This is also supported by behavioral assessments based on performance metrics. Our experimental design leads to a task-independent (regarding manipulation type) binary classification problem, since the low-and high-workload conditions involved both the fine and gross co-manipulation tasks. Spectral power density and coherence features are extracted from EEG signals, and a linear classifier is used to examine how accurate the EEG features can distinguish between the low-and high-workload condition.
In addition, a secondary experiment is conducted by combining the fine and gross comanipulation to demonstrate how the classifiers trained on the data of the baseline experiment can be used to assess the workload of co-manipulation with a variable admittance controller. Experimental results indicate that EEG classifiers can provide designers with not only the overall workload level of the users upon completion of a task but also useful temporal information regarding the workload variation during the task.
To the authors' knowledge, no existing study has examined the effects of compliant controllers on EEG patterns in cooperation tasks by taking into account both the fine and gross manipulation. The main contribution of this article can be summarized as follows:
(i) This article for the first time investigates the effect of controller dynamics and task type on the brain activity of subjects to identify subject-independent EEG-based physiological features that can predict the perceived level of workload. (ii) Moreover, the transferability of the EEG-based workload classifier trained on the baseline motor tasks to a more complex motor task is tested. By comparing the results of EEGworkload classifier with the interaction force and subjective workload measures (NASA-TLX), the article also illustrates the validity of the proposed model.
RELATED WORKS
The perceived workload can be defined as the portion of operator information processing capacity that is required to meet system demands [van Erp et al. 2010] . Reliable knowledge about the level of workload is a key factor for constructing a human-centered adaptive system. Various methods can be used to assess workload in physical interaction from a qualitative or quantitative point of view. One assessment method is the use of subjective measures via questionnaires. However, these methods are not continuous and cannot be obtained in real-time, since the interruption of the task is required. Moreover, participants' self-reports may be affected by a posteriori rationalization and the desire to satisfy implicit objectives of the researcher [Bethel et al. 2007 ]. Another approach is the use of performance metrics such as the number of errors, reaction time, or completion time. However, task performance may not be easy to obtain directly when complex motions without a pre-defined path are required. The current state-of-the-art in pHRI extract information at the peripheral level (e.g., applied force or muscle activity) as an alternative to perceived workload and ignore the contributions of the brain during physical interaction. However, the human mind is a dynamic predictor that perceives, understands, and acts within a dynamic environment. It integrates concurrent multimodal sensory and motor signals to properly execute a task based on its individual's goals. In the case of pHRI, the modification in human behavior can be seen as the modulation of the arm stiffness [Moualeu and Ueda 2015] , gripped orientation [Bennis and Roby-Brami 2002] , or applied force [Tran et al. 2015] . Therefore, information extracted from interaction force and muscle activity may not resemble the perceived level of workload in physical human-robot interaction.
Recently, neuroergonomic methods such as electrodermal and EEG data analysis have shown promise to assess physical human-robot interactions using real-time quantitative data. For instance, Kulic and Croft [2007] analyzed physiological responses when participants were passively (no physical interaction) observing different motions of a robot manipulator. Participants showed significantly lower skin conductance (less anxiety) with safe motion planners than fast and unsafe robot motions. Dehais et al. [2011] investigated physiological responses of 12 subjects during interaction with a mobile robot in an object hand-over task. Ocular and physiological data including skin conductance and deltoid muscle activity were used to discriminate between human response to three motion planners with different levels of safety and physical comfort. Novak et al. [2014] used a set of physiological responses to estimate human workload in physical interaction with a gravity-and friction-compensated robot arm. The responses of 10 subjects were recorded while they were asked to play a virtual game with different levels of mental arithmetic and temporal difficulty. All physiological modalities could estimate the workload significantly better than random. Moreover, no significant difference between physiological modalities was revealed regarding accuracy, and combining multiple modalities did not improve accuracy. Although a compliant physical interaction was involved in their study, the effect of robot controller dynamics on the physiological responses and perceived workload were not taken into account.
EEG has become one of the most studied physiological indicators of workload due to its high temporal resolution and recent advances in portable and wearable sensors. However, workload classification from EEG monitoring has been found to be task-specific [Ke et al. 2014] . As a result, satisfactory results are mostly obtained by classifiers trained and tested with EEG features from the same task. This is due to the fact that different cognitive functions need different neural structures and processing strategies that produce different neural activity patterns. In this study, the baseline experiments consisted of two different movements including a simple fine and gross manipulation task. This improves the reliability and generalizability of the workload classifier by selecting EEG features that are common between the two tasks. Figure 1 (a) illustrates the experimental setup of this study. A 6-DoF lightweight robot arm (SCHUNK PowerBall LWA 4P) was used for co-manipulation and a 6-axis force/torque sensor was attached to its end-effector, since an admittance controller requires the force/torque measurements between the user and robot at the interaction point. A computer monitor was placed in front of the subjects to provide visual information related to the visuomotor tasks and the end-effector position in the X-Y plane.
MATERIALS AND METHODS

Experimental Setup
B-Alert X24 wireless headset, from Advanced Brain Monitoring Inc., was used to acquire noninvasive EEG signals. Sensors were placed at 20 locations based on the 10/20 international EEG system including Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, POz, and O2 as shown in Figure 1 (a). Signals were referenced to linked electrodes located behind each ear on the mastoid bone.
Admittance Control
An admittance controller was implemented on the robot to provide compliant interaction such that users can lead the robot motions in Cartesian space with null stiffness. Figure 1(b) shows the block diagram of the controller, which consists of two feedback loops: the external feedback loop for controlling the robot admittance and the internal joint-based feedback loop to control the velocity of the joints. In the external feedback loop, a force/torque (F/T) sensor measures the force between users and robot to compute the desired velocity of the end-effector by taking into account the controller admittance block, Y c , that establishes a first-order relationship between measured force and the desired end-effector velocity as,
where c ∈ R 6 is the desired Cartesian velocity of the end-effector; f h ∈ R 6 is the interaction force and torque vector; M d , C d ∈ R 6×6 are the admittance gains representing the desired inertia and damping of the system that the controller imposes to the end-effector motions. In our study, the virtual mass (M d ) was kept constant, while the virtual damping (C d ) was considered as the controller variable to modify the admittance controller. c is then transformed into the desired joint space velocities (q c ) based on the inverse Jacobian matrix J −1 (q) by,
The internal loop attempts to track the desired joint velocities via a closed-loop feedback controller, j D (motion controller), by exerting torques (τ c ) to the robot joints with an intrinsic impedance of j Z r . A local proportional-integral (PI) controller in each joint can guarantee the tracking of desired joint velocities, since a PI velocity controller is equivalent to a proportionalderivative (PD) position controller.
Participants
18 subjects (11 males and 7 females) were recruited via advertisement in the campuses of University at Buffalo to participate in our experimental studies approved by the Institutional Review Board (IRB no. 030-801361). Participants' ages ranged from 23 to 35 years (M = 27.3, SD = 3.5). None of the participants had experienced human-robot co-manipulation with robot arms and they had normal or corrected to normal vision. Participation in this study was voluntary without compensation.
Baseline Experiment
To investigate the effect of admittance level and task-type on the co-manipulation performance, all the participants were asked to perform four different conditions as the combination of two Manipulation-Type (gross and fine) and two levels of Virtual-Damping (low and high). Figure 2 (a) depicts each of the experimental scenarios. Note that only virtual damping was altered in this study, since it has been identified as the most dominant parameter that affects the physical interaction with compliant controllers [Ikeura et al. 1994 ].
For the gross co-manipulation, participants were asked to guide the end-effector position by turning around two virtual circles displayed on the user's monitor. A spherical cursor was displayed on the monitor as the position feedback of the end-effector. Participants were instructed to generate a path similar to the shape of a rotated "8" without particular positioning accuracy or a given path. The primary performance metric of gross co-manipulation was defined as the number of complete turns around the virtual circles in 90 seconds experimental period.
In the case of fine co-manipulation, participants were asked to guide the end-effector precisely between the boundaries of two concentric star-shaped paths (similar to a maze) as illustrated in To compensate the weight of users' arms and increase the interaction safety, no vertical movement of the end-effector was allowed by setting the desired velocity in the Z-direction to zero. For each condition of the experiment, M d and C d were considered as diagonal matrices. The virtual mass of admittance controller was set to Diaд([3, 3, 3, 0.1, 0.1, 0.1]), and the virtual damping was set to Diaд ([80, 80, 80, 10, 10, 10] ) and Diaд ([20, 20, 20, 6, 6, 6] ) for the high-and low-damping, respectively.
Secondary Experiment
To further explore the performance of the EEG workload model trained on the data of the baseline experiment, a secondary experiment was designed as a combination of the fine and gross manipulation. Figure 2 (b) shows the task scenario for this experiment. The left and right side of the screen corresponded to gross and fine co-manipulation parts, respectively. Ten of the subjects (6 males and 4 females-aged M = 27.8, SD = 3.8) participated in the secondary experiment where they were asked to continuously guide the end-effector position by passing over the virtual circles (gross) and then passing a vertical zig-zag maze while avoiding collisions with boundaries (fine).
Similar to the baseline experiment, no vertical movement of end-effector was allowed. This experiment was performed by the participants with three different admittance setups, including (i) constant low-damping, (ii) constant high-damping, and (iii) variable-damping. Matrix C d for low-and high-damping setups was similar to the baseline experiment. For variable-damping, a hyperbolic tangent function was used to gradually switch between low-and high-damping as a function of the end-effector position in the X coordinate. Damping altered from the low to high setting for moving from the gross to the fine region and vice versa.
Experimental Procedure
After briefing participants on the objectives of the experiment, they received training and then practiced on the experimental setup to make sure that they had gained adequate mastery to accomplish the tasks independently. In the training session, the basic concept of robot guidance with admittance control was introduced. Then, the fine and gross co-manipulation tasks and their primary performance metrics were described.
A sample video recorded from an operator performing the two co-manipulation types was used in the training session. Then, participants performed a practice session with the low-and highdamping setup and experienced co-manipulation in free space. A two-minute practice session was offered for each damping condition to familiarize the subjects with the behavior of the admittance controller. Extra practice time was provided, in case a participant requested more practice. Only 2 out of 18 participants requested extra time for practice.
To balance the learning effects of the main experiment, the order of task conditions was permuted randomly for each subject. In the baseline experiment, the order of tasks was permuted, so the first and last two tasks were a same manipulation type. This constraint was applied to ease the subjective comparison between the low-and high-damping for each manipulation type. In the secondary experiment, simple randomization was applied on the damping conditions. Upon the ending of each condition, participants were asked to complete a NASA TLX questionnaire [Hart and Staveland 1988] as a subjective workload assessment. The NASA TLX included six taskload dimensions: Mental Demand, Physical Demand, Temporal Demand, Performance, Effort, and Frustration.
EEG Data Processing and Feature Extraction
EEG signals were recorded with a sampling rate of 256 Hz and 16 bits/sample resolution. Preprocessing was performed using the EEGLAB toolbox for MATLAB [Delorme and Makeig 2004] . EEG signals were band-pass filtered using a two-way least-squares FIR filter in the range of 0.3 to 50 Hz. Independent Component Analysis (ICA) was used for artifact removal using the extended InfoMax method as implemented in the EEGLAB. Independent components predominantly driven by sources of artifact (eye-blinks, eye-movements, and muscle activity) were visually identified based on IC topography, spectral curve, and time-course activity, and then were removed from the recorded signals. The ICA-pruned continuous data were then segmented into two-second epochs for feature extraction.
Various features have been used in the literature for EEG-based classification of different mental states. Generally EEG features can be distinguished in time domain, frequency domain, and time-frequency domain. A complete review of the EEG feature extraction for affective computing and workload estimations is provided in Jenke et al. [2014] . The amplitude and latency of Event Related Potentials (ERPs) are the most common time domain features, which are not applicable to continuous and single trail EEG recording where there is no time-locked stimuli [Blackwood and Muir 1990] . Other time domain EEG features such as Hjorth parameters [Hjorth 1970 ] that capture statistical properties of EEG signals, Largest Lyapunov Exponent [Esfahani and Sundararajan 2011], and autoregressive coefficients [Anderson et al. 1998 ] can be highly subject-dependent and difficult to physiologically interpret.
The most popular features in the context of cognitive state recognition from EEG are related to frequency domain, since oscillations are considered to be the fundamental neural mechanism that enable the synchronization of neural activity within and across brain regions [Jenke et al. 2014 ]. Band power is the most common frequency domain feature and different algorithms have been proposed to calculate band power, such as fast Fourier transform (FFT), short-time Fourier transform (STFT), or the estimation of spectral power density using Welch's method. Time-frequency methods for EEG feature extraction provide the capability of studying EEG patterns in both the time and frequency domains simultaneously. Discrete Wavelet Transform and Hilbert-Huang Spectrum are the most common time-frequency methods in EEG analysis [Cohen 2014 ]. These methods are suitable tools for analyzing short duration EEG data such as motor imagery [Qin and He 2005] , visual imagery [Esfahani and Sundararajan 2012], and ERP analysis [Cohen 2014 ].
In addition to the EEG features that only capture the activity of a single electrode, several methods have been used in the literature to measure the functional connectivity between electrodes. Linear power-based connectivity (e.g., spectral coherence), mutual information methods, and Granger causality are the most common functional connectivity methods [Cohen 2014 ]. In this study, spectral power density and coherence features are used due to their robustness over time and low computational cost for real-time analysis.
Spectral Power Density.
Power spectral analysis was used for feature extraction in this study, since it is a well-established method (as reviewed in Bashashati et al. [2007] and Jenke et al. [2014] ) for the analysis of EEG signals, representing the distribution of the signal power over the frequency bands. From the filtered and decontaminated EEG signals, spectral power densities were extracted from each two-second epoch using Welch's estimator. Each epoch was divided into eight Hamming windowed segments with 50% overlap to improve the estimation quality. Figure 3 demonstrates the topographic mapping of EEG spectral power and corresponding periodogram curves at five channels (Fz, Cz, C3, C4, POz) for one of the subjects (S3). The obtained periodograms were averaged to estimate spectral power density in 1-Hz bins and then averaged across 6 frequency bands including theta [4-7 Hz], lower-alpha [8-10 Hz], higher-alpha [11] [12] [13] , lowerbeta [14-22 Hz], higher-beta [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] , and gamma [36] [37] [38] [39] [40] [41] [42] [43] [44] . As a result, a feature vector of 120 elements (N ch × N f where N ch = 20 and N f = 6 are the number of channels and bands, respectively) were extracted from spectral power analysis for each epoch.
Functional Connectivity. Spectral
Coherence was used to estimate functional connectivity between channel pairs, since it is a well-established method to measure linear dependency between two time series in the frequency domain [Srinivasan et al. 2007 ]. Spectral coherence quantifies the level of synchrony between two signals at a specific frequency and ranges from 0 to 1. A high coherence implies extensive communication between the two regions of the brain, whereas a low coherence corresponds to less connectivity indicating higher regional independency.
Welch's method was used to estimate EEG coherence, with the same parameters used to estimate spectral power. Coherence values were also averaged across the six aforementioned frequency bands. All the combination of channel pairs in six bands will lead to a total number of 1140 features for each epoch ( N ch ×(N ch −1) 2 × N f ). However, in this study, only the coherences of EEG channels with (Fz) were taken into account. As a result, a feature vector of 114 elements ((N ch − 1) × N f ) was obtained from coherence analysis for each two-second epoch.
Functional connectivity between the frontal midline (Fz) and motor, temporal, parietal, and occipital regions are extensively studied in neuropsychology when movement-related tasks are of interest. These connectivities have correlations with motor planning, somatosensory, and visuomotor integration processes [Hatfield et al. 2004 ]. For instance, experts demonstrate a more efficient cortical function in motor planning, in which non-essential interactions between the motor planning and other regions of the brain are suppressed [Deeny et al. 2009 ]. Moreover, the spectral coherence of Fz channel with the other cortical regions has been found as an indicator of motor-task difficulty [Rietschel et al. 2012 ].
Feature Selection and Classification
A total of 234 features were extracted from each two-second epoch by combining EEG spectral power density and coherence features. To label the extracted epochs of each experimental scenario, a binary classification approach with two classes of low-(C 1 ) and high-workload condition (C 2 ) was defined. Low-damping gross manipulation and high-damping fine manipulation were labeled as the low-workload, whereas the two other conditions were labeled as the high-workload class as shown in Figure 2 (a). This labeling criterion was supported by the results of performance and subjective assessment that are presented in Sections 4.1 and 4.2. Also, using this labeling will provide us with a balanced binary classification problem where the chance would be 50%.
A Stepwise Linear Discriminant Analysis (SWLDA) was utilized for reducing the dimensionality of the feature space to avoid over-training by selecting features that offer the highest independent discriminative information. SWLDA has been widely used for feature selection in brain-computer interfaces and EEG-based affective state classification [Aricò et al. 2016; Berka et al. 2007 ]. It is a numerical approach that iteratively adds/removes features with significant/insignificant discrimination effect. Although SWLDA cannot handle nonlinear relationships in the feature space, it is a simple and robust feature selection method for EEG data. In Krusienski et al. [2006] , a comparison between five classifiers demonstrated the competitive feature selection and classification performance of SWLDA method for EEG data. The Mahalanobis distance was used for SWLDA to add or remove features, with a threshold of 0.01 on p-value for adding and 0.1 for removing a variable.
Since the model used for the discriminant analysis assumes features form a multivariate normal distribution, a logarithmic transformation was applied to the spectral power [Gasser et al. 1982 ] and Fisher's Z-transformation on the coherence to normalize their distributions [Amjad et al. 1997 ].
For the first experiment, a 4-fold cross-validation procedure was used for feature selection and classification purposes. Data of each subject are randomly partitioned into 4 equal size subsamples (tasks distributions are balanced) . At each round, 75% of each subject's data are used for training Fig. 4 . Flowchart of the EEG data processing pipeline. *Note that in binary LDA, the classification weights are identical to the weights of a linear regression model. and the remaining for testing. Extracted features from training data of all the participants were merged to find the most dominant subject-independent features that can discriminate between the two classes. As a result, a total of 2,430 samples (135 epochs per subject) were used for this purpose. To remove the influence of individual differences in the feature selection, features were transformed into z-scores based on the distribution of each individual.
Linear Discriminant Analysis (LDA) was utilized for the classification purposes. LDA finds the mapping between the feature and label space through a linear transformation matrix that maximizes a so-called Fisher discriminant ratio [McLachlan 2004 ]. While the selected features were the same across all subjects, LDA was only trained on each subject's dataset to further remove the effect of individual differences. Finally, to evaluate the transferability of the learned model on primitive tasks to a more complex task with unlabeled data, the individualized linear regression model utilizing the LDA coefficients from the baseline experiment were used to obtain a continuous workload score for the statistical workload analysis of the secondary experiment. For this purpose, the same feature selection and classification approach was used on all data recorded in the first experiment. The overall pipeline for EEG signal processing and using LDA coefficients for the workload prediction of the secondary experiment is shown in the flowchart of Figure 4 .
RESULTS 4.1 Behavioral Assessment
Behavioral data were analyzed primarily to examine the validity of the experimental design and the task difficulty manipulation. To acquire insight into the experimental scenarios and provide a visual comparison between them, the trajectories tracked by a single subject are depicted in Figure 5(a) . The number of complete turns was considered as the performance of the gross co-manipulation, whereas the number of intersections with boundaries was defined as the error metric of the fine co-manipulation. Two separate metrics were defined to identify the performance of the subjects in each co-manipulation task, since the nature and objective of the tasks were different. Moreover, these metrics were used to examine the effect of damping level on the performance within each task-type rather than between them.
Paired-sample t-tests were performed to compare participants' performance within each comanipulation scenario. Significant differences are reported based on their t-statistic and degreeof-freedom, t(df), as well as the corresponding p-value. The mean performances for each interaction condition are shown in Figures 5(b) and (c). For the gross co-manipulation, the number of complete turns around the virtual circles was considered as the primary performance metric. Statistical analysis revealed a significantly lower number of turns in the high-damping condition than low-damping (t (17) = −4.7, p < .001). In the fine co-manipulation, the number of intersections between tracked trajectory by the users and defined boundaries was used as the primary performance measure. Contrary to the gross manipulation, paired-sample t-test revealed a significantly higher performance with high-damping than the low-damping condition in the fine co-manipulation (t (17) = −4.16, p < .001).
The relatively large variation in the performance metrics across the subjects is mostly due to the individual differences in physical strength and arm impedance characteristics. Subjects with higher strength could apply larger forces and perform faster particularly in the gross co-manipulation while a large arm impedance (especially the arm stiffness) may influence the level of interaction stability in the fine co-manipulation.
In addition to the primary performance measures, admittance/impedance controllers are also evaluated based on their effectiveness in reducing the average interaction force [Ficuciello et al. 2015] . Thus, the average magnitude of interaction forces in the X-Y plane ( 1
where f h is the force vector in X-Y plane) was computed to further explore the interaction. The mean forces of the four co-manipulation conditions are presented in Figure 5(d) .
A 2 by 2 [Manipulation-Type (gross and fine) × Virtual-Damping (low and high)] repeated measures analysis of variance (ANOVA) was used for statistical analysis. Significant main effects are reported based on their F-statistic and degree-of-freedoms, F (hypothesis df, error df), as well as the corresponding p-value and effect size (η 2 p ). ANOVA for the average force revealed a main effect for Manipulation-Type (F (1, 17) = 223.9, p < .001, η 2 p = .93), indicating that the magnitude of interaction force for gross was higher than fine co-manipulation. A main effect was also revealed for Virtual-Damping (F (1, 17) = 144.1, p < .001, η 2 p = .89). Test of simple main effects indicated that by decreasing Virtual-Damping, interaction forces decreased in both gross (p < .001) and fine co-manipulation (p < .001). A significant Manipulation-Type × Virtual-Damping interaction (F (1, 17) = 50.5, p < .001, η 2 p = .75) was also observed. Figure 6 shows the results of self-reported workload scores ranged from 0 to 100 using NASA TLX questionnaire. The six raw TLX components (Figures 6(a-f) ) indicate the relative importance of Performance, Physical, Effort, and Mental workload in the presented co-manipulation tasks, in the sense that their reported scores are relatively higher than Temporal and Frustration components. In addition to the raw scores, a total workload score was calculated using a weighted combination of the six dimensions of NASA TLX for statistical analysis. Weights of the six dimensions were calculated following a set of 15 paired comparisons between the six workload dimensions as described in Hart and Staveland [1988] . The average weights for the gross and fine manipulation tasks are listed in Table 1 and are shown to follow the same pattern. It is not surprising to see the temporal demand and frustration dimensions to have the lowest weights, as the secondary experiment does not impose any temporal constraints or objectives.
Subjective Assessment
Mental and physical demands are both task-related scales, as they focus on the objective demands of the experimental tasks. The effort dimension is a subjective evaluation that represents how hard (both mentally and physically) the participants tried to satisfy the task requirements. The mental or cognitive aspect of the effort is an important factor in motor task [Lee et al. 1994 ] especially when the stability of the movement can be affected [Akizuki and Ohashi 2015] . The physical aspect, like the physical demand dimension, is affected by the damping conditions in the experiment regardless of the type of motor control strategy. In Figures 6(a) and (e), a similar trend in mental demand and effort can be observed.
The performance dimension is a behavior-related scale indicating the perceived quality of the task operated by the participants [Hart and Staveland 1988] . It reflects the perceived gap between participants' desired state and actual state. In this experiment, the desired state is to perform the task with minimum error and effort. This gap is minimized when the damping level is properly adjusted (Gross-LD and Fine-HD as shown in Figure 6(d) ). For the other two conditions, the gap is increased and therefore the performance is decreased. In the case of Fine-LD, the movement can be easily unstable, which imposes a much higher level of mental demand (and requires higher effort) as indicated in the Figure 6(a) . The case of Gross-HD does not destabilize the movements but simply is more physically demanding as shown in Figure 6(b) . A 2 by 2 repeated measures ANOVA revealed a main effect for Manipulation-Type (F (1, 17) = 31.3, p < .001, η 2 p = .65), indicating that the perceived workload for the fine was higher than gross co-manipulation. A significant interaction between Manipulation-Type and Virtual-Damping (F (1, 17) = 55.5, p < .001, η 2 p = .76) confirmed the task-dependency of suitable damping for co-manipulation tasks using admittance control. Test of simple main effects revealed that by decreasing Virtual-Damping in gross co-manipulation the perceived workload decreased (p < .001), while a completely opposite result was obtained for the fine co-manipulation (p < .001).
Classification
The stepwise linear discriminant analysis yielded a significant result (W ilk s λ = .71, p < .001). W ilk s λ indicates the significance of the discriminant functions and ranges from 0 to 1. The average correct classification rate after 4-fold cross-validation was used to assess the performance of LDA classifier for each individual. The results are shown in the bar plots of Figure 7 , and the average classification performance across all the subjects was around 81%. The confusion matrix averaged over all the subjects is also shown in Table 2 . The results confirm that classifiers trained on the selected set of EEG features can successfully differentiate between the two low-and highworkload conditions for the fine and gross co-manipulation tasks.
Results of the Secondary Experiment
To further evaluate the workload classifier on a more general co-manipulation task, a secondary experiment including both of the manipulation types was considered. The goal of this experiment was to demonstrate how the information of EEG classifiers trained on the results of the baseline experiment can be used to analyze more complex co-manipulation scenarios. For this purpose, 10 of the recruited subjects (S1 to S10 in Figure 7 ) performed the experiment shown in Figure 2 (b) and their EEG data were recorded for workload analysis with two-second epochs. We repeated the feature selection method over all the data of all the subjects recorded in the first experiment and repeated the feature selection process. The primary feature set obtained from SWLDA included 33 EEG features. To avoid over-fitting issues in classification procedure, the train/test performances of LDA classifiers were computed by iteratively removing features based on their statistical effect sizes (t-values) in the SWLDA. The results of this stage of feature selection are shown in Figure 8(a) . Based on the train/test performance curve, a final set of 17 EEG features including 13 spectral powers and 4 coherences was selected for the workload classification (Figure 8(b) ). The individualized LDA coefficients were trained on the data of the baseline experiment based on the 17 selected features which are listed in Table 3 for the workload prediction of this experiment.
The first row of Figure 9 represents the results of workload estimation for one of the subjects (S3) in the three admittance setups with high-, low-, and variable-damping. According to the spatial characteristics of the predicted workload classes, three different zones including gross, fine, and the transition zone were specified for statistical analysis as depicted in Figure 9 (c). For each subject, the predicted LDA scores are normalized into z-scores and then averaged within each defined zone for the three damping conditions to be used for the statistical analysis. Figures 9(d) and (e) illustrate the mean predicted workload scores for the different damping conditions and task zones across the subjects, respectively.
To examine the main effects of different damping conditions and task zones on the EEG-based predicted workload, a 3 × 3 [Damping (High, Low, and Variable) × Zone (Gross, Transition, and Objective Assessment of Human Workload in Physical Human-robot Cooperation 13:15 Fine)] repeated-measures ANOVA was performed. As the follow-up tests, multiple pairwise comparisons were conducted for a better interpretation of the significant main effects. Furthermore, Bonferroni adjustment of confidence intervals was used for pairwise comparisons to protect the analysis from Type-I error when conducting multiple tests.
The results revealed the significant main effects of both Damping (F (2, 8) = 54.4, p < .001) and Zone (F (2, 8) = 7.2, p = .018) on the workload with a non-significant Damping × Zone interaction. According to the results of the baseline experiment, we expected to observe a lower EEG-based workload in the case of variable-damping. Pairwise comparisons revealed that the workload in the variable-damping was only lower than the low-damping (p < .001) as depicted in Figure 9(d) . However, no statistically significant difference between the variable-damping and high-damping was observed. This might be due to the fact that the time spent in the fine zone was much more than the gross zone, particularly for the variable-damping, which had low-damping in the gross and high-damping in the fine zone (the average co-manipulation duration of the gross and fine zones were 6.7 ± 1.6 and 20.5 ± 5.1 seconds, respectively). This can be realized from the data point concentration in Figure 9 (c) as well. As a result, it can be hypothesized that the short duration of the gross zone did not allow the subjects to completely adapt to the new dynamics with a low damping before going back to the fine zone with a high damping. The overall results suggest that if a constant damping is required, high-damping setups are more suitable than a low-damping, particularly if the task involves fine co-manipulations.
To further explore the effect of damping on the user, repeated-measures ANOVAs were applied on the average interaction forces and the overall workload score obtained from NASA TLX questionnaire separately. Bonferroni correction was used to protect the analysis from Type-I error caused by multiple comparisons. The results are shown in the bar plots of Figure 9 (f). As expected, the statistical results revealed a significant main effect of damping on the interaction forces (F (2, 8) = 77.4, p < .001). Pairwise comparisons indicated that the mean interaction force in the high-damping was higher than the variable-damping (p < .001); and in the variable-damping, it was higher than the low-damping (p < .001). These results indicate that although for the EEGbased workload prediction no significant difference between the high-and variable-damping was observed, average interaction forces in the variable-damping were improved significantly. This was consistent with the perceived task-load of the subjects obtained from NASA TLX, which is depicted in Figure 9 (g).
Interestingly, in terms of the task zones, an increased workload was observed in the transition between the gross and fine zone as shown in Figure 9(d) . In fact, the mean workload in the transition and fine zone were higher than the gross zone (p < .01 and p < .05, respectively). This is mainly due to the increased attention that was required when switching between the gross and fine co-manipulation and accordingly large changes in the motion velocity. This suggests that in the design of variable admittance controllers, careful considerations should be made to avoid increased workload when type of manipulation is subjected to changes and motion over-shooting is likely to occur due to the sudden changes of velocity.
DISCUSSION
The behavioral and subjective assessment revealed that an appropriate admittance setup (virtual damping) is task-dependent. Although decreasing virtual damping resulted in lower interaction forces in both fine and gross co-manipulation, a higher damping in the fine co-manipulation revealed superior performances. In terms of the relationship between workload and performance, typically excessive increase in the task difficulty/workload leads to marked degradation in the task performance making the performance as an indirect estimation of workload. This was consistent with our subjective assessment that revealed a significant interaction between the two experimental factors (Manipulation-Type and Virtual-Damping). According to the results of the behavioral and subjective assessment, a binary classification problem was defined. Low-damping gross manipulation and high-damping fine manipulation were considered as low-workload condition (class-1), and the two other tasks were labeled as high-workload condition (class-2). This resulted in a task-independent binary classification in terms of manipulation type, since each of the classes contained both co-manipulation types.
In the context of workload estimation (especially cognitive-workload), many studies have examined the relationship between task-load and EEG spectral power measures. In the studies that involved visual search, working memory, focused attention, or multi-tasking, the most prominent influence of an increased workload was observed in prefrontal theta and parietal alpha power (see Borghini et al. [2014] ). However, only left-parietal (P3) alpha power appeared in the selected feature set of this study. This is mainly due to the different attentional and executive resources that are required for visuomotor tasks [Popovic et al. 2015] . As a result, this study mostly involved cerebral cortical activations specific to sensory-motor rather than cognitive demands, as identified with C3 higher-alpha power in Figure 8(b) .
The stepwise linear discriminant analysis ended up with a set of 17 features mostly in the highfrequency bands (beta and gamma). Cortical activity in gamma and higher-beta band are associated with localized sensory integration and correlate with sensory processing demand [Von Stein and Sarnthein 2000] . Right temporal, parietal, and occipital activity in these bands are indicative of visuospatial processing, and they usually increase with motor task difficulty [Goodale and Milner 1992] . Interestingly, Rietschel et al. observed a similar activation and connectivity patterns in a study that cognitive-motor task difficulty was manipulated in a Tetris game [Rietschel et al. 2012] . Given high degree of sensory integration during co-manipulation tasks, particularly visuospatial processing, beta and gamma activity as a function of motor control difficulty seems reasonable.
Among the selected features, Fz coherence with left-temporal (T3) region has a strong relationship with "psychomotor efficiency" hypothesis in psycho-physiology. This hypothesis states that the skilled performance of experts, particularly in sports, is the outcome of efficient networking between brain regions [Deeny et al. 2009; Hatfield et al. 2004 ]. In fact, non-essential inter-regional interactions between the motor planning and other regions of the brain are required to be suppressed for a higher performance. Among these inter-regional interactions, Fz-T3 communication is strongly associated with verbal-analytical processes (instructional self-talk) and is essential for early stages of motor learning, whereas it will be attenuated when the movements become highly learned. Most likely these indices can be an indication of difficulty in a physical human-robot interaction when it is not intuitive/well-designed.
In terms of the classification, the obtained classification accuracy was relatively high (with linear classifiers an average of >81%) and significantly higher than chance (50%). This indicates that EEG monitoring can be a promising technique to assess users' state during physical interactions. There are at least two factors contributing to the observed variations in the classification rates between subjects: (i) Individual differences in the level of expertise; not all the data epochs of an experimental condition represent the overall workload level. (ii) Individual differences in brain anatomy resulting in electrode misalignment and functional differences in how participants perform the task.
The secondary experiment was conducted by combining fine and gross manipulation tasks to demonstrate how the classification results of the baseline experiment can be used to explore co-manipulation tasks with variable admittance/impedance control strategies. Although a simple rule was used to form the variable-damping strategy with a smooth switching between low-and high-damping, the lower average workload in the variable-damping demonstrated its effectiveness. In case of constant damping, the high-damping approach was shown to be more suitable than low-damping if the co-manipulation involves fine positioning. Moreover, temporal workload information captured by the EEG classifier could provide us with the possibility of workload analysis in different parts of the task. For instance, an increased workload was observed at the transition from gross to fine manipulation as well as altering controller dynamics. Indeed, such temporal information of the users' states can help designers to improve the quality of physical human-robot interactions.
Although continuous EEG signals are highly sensitive to the user's mental state and suffer from a low signal-to-noise ratio, our results indicate that the proposed model is a viable source of information regarding operator workload for improving the neuroergonomic aspects of pHRI. In general, the continuous classification of operator workload can be employed in two different directions: either as an offline workload analysis tool or as a real-time adaptation feedback. Two potential areas that can benefit from an offline workload analysis are the assessment of different variable impedance/admittance control methods across different tasks, and the personalization of pHRI (e.g., subject-specific admittance control [Gopinathan et al. 2017] ).
Moreover, an EEG-based workload prediction obtained from real-time data can serve as an additional modality in pHRI. For example, robot assistance of motor learning/recovery can be accelerated by dynamic difficulty adjustment to improve user engagement and performance. However, only relying on an EEG-based classification as the main modality to dynamically change admittance/impedance parameters might not be easily achievable given the low signal-to-noise ratio of EEG signals. For instance, in Aricò et al. [2016] , a moving average of 30 seconds was applied on the workload indices to trigger assistance in an air-traffic control scenario; or in Walter et al. [2017] , the task difficulty was adjusted only between the trials of an arithmetic-problemsolving experiment.
CONCLUSION
In this article, we presented an experimental study to investigate the validity of EEG-based workload classification as a continuous measure for physical human-robot cooperation. For this purpose, the effect of controller dynamics on EEG signals and perceived workload were examined in a co-manipulation task with admittance control. Two types of manipulation consisting of gross and fine movements with low and high virtual damping were performed by the subjects. Performance and subjective measures revealed that a suitable damping level depends on the type of manipulation. Although interaction forces decreased by lower virtual damping in the fine co-manipulation, task performance and accordingly perceived workload degraded with low damping.
The experimental design of this study resulted in a task-independent binary classification problem in the sense that both low-and high-workload conditions contained the fine and gross comanipulation. The relationships of the selected features with visuospatial processing and psychomotor efficiency support the validity of the feature selection procedure. The high accuracy rate of classification results for each individual indicates the reliability of EEG signals to assess user's state during physical human-robot cooperation.
Furthermore, we conducted a secondary experiment by combining fine and gross manipulation and performed EEG-based workload analysis for constant and variable damping controllers. We demonstrated how the obtained classifiers from the baseline experiment can be used as a continuous objective measure for workload analysis in more general scenarios. We showed that a variable controller can enhance operator workload; however, careful considerations should be made when transitions between different dynamics are required.
The results of this study would enable designers to assess the effectiveness of different variable compliance methods in terms of perceived interaction workload by the users. Moreover, real-time implementation of these classifiers can be used as an input to adaptive interaction techniques for decision making. For example, motor-learning rate can be enhanced by using real-time motor workload classifiers for adapting system behavior in learning of motor skills.
In the presented study, we only investigated the interaction forces in terms of the average magnitude of forces over each task. However, the quality of physical interaction can be further investigated by analyzing different smoothness measures in the time and frequency domain. For example, instead of the binary classification of workload a continuous force/motion smoothness measure can be considered as an indirect measure of motor control difficulty for regression analysis [Memar and Esfahani 2018] . Studying the learning effect and human adaptation to different comanipulation dynamics are other possible future directions that can be investigated and compared with EEG patterns. Moreover, the current study has focused on co-manipulation tasks involving limited degrees of freedom (DoF). In the future, we aim to compare different adaptation techniques by using EEG-based workload analysis in 6-DoF human-robot cooperation. Moreover, the generalizability of the obtained results in other human-robot cooperation applications can be studied in the future.
Furthermore, robot-assisted motor learning is another research domain that the results of this study can utilize to assess interaction designs. Recently, several studies aimed to use EEG signals to adapt robot assistance in rehabilitation such that an optimal level of workload can be maintained and motor-learning rate maximized [Badesa et al. 2012; Esfahani et al. 2015; George et al. 2012; Guerrero et al. 2013; Novak et al. 2014 ]. For instance, George et al. [2012] used haptic assistance in a path-following task based on an EEG workload index. Although the workload index of their study identified the mental arithmetic load rather than motor control difficulty, an overall improved performance was obtained for eight subjects by combining haptics and EEG monitoring.
